In this paper, an efficient algorithm for segmenting celestial objects from astronomical images is proposed. The proper segmentation of astronomical objects like planets, comets, galaxies, asteroids etc. is a difficult task due to the presence of innumerous bright point sources in the frame, presence of noise, weak edges of celestial objects, low contrast etc. In order to overcome these bottlenecks, multiple preprocessing steps are performed on the actual image prior to segmenting the desired object(s). Level Set segmentation is the key technique of this proposed method. The result of the proposed algorithm on various celestial objects substantiates the effectiveness of the proposed method.
Introduction
Survey and statistical analysis of the ever expanding universe has been of growing concern over the past few decades. Many automated techniques have been proposed based on which the Data Mining software are built [1] [2] [3] [4] [5] . Continuous evolution of the techniques is taking place to improve the performance of such a system. For most of the imaging surveys, detection and extraction of astronomical objects/sources for further classification is the primary step towards database creation [1, 3] . The performance of a Data Mining process depends on the efficiency of all the sequential steps involved, of which segmentation is the primary step.
Efficiency of the image segmentation technique for extracting celestial object(s) in-turn affects all the bottom-up processes. Segmentation of celestial objects from the images obtained from satellite/telescope is a difficult task, due to the presence of bright point sources, noises, low contrast due to long distances and disturbances, lack of clear-cut boundaries etc. [1, 2, 4] . Previous methods employed for segmenting the astronomical objects includes watershed segmentation [6] [7] , binary thresholding etc. The spatial and the texture information of the astronomical objects are not retained in the above mentioned processes. The further classification of the astronomical objects becomes efficient if the texture and the shape of the objects can be retained to a great extent. The proposed algorithm takes care of these features satisfactorily. The preprocessing steps take care of the difficulties in achieving proper segmentation. The presence of point sources can adversely affect the evolution of the level set contour which is taken care by eroding the bright sources. Total Variation Denoising [13, 14] applied to the Stationary Wavelet Decomposed image [11, 12] satisfactorily removes noise with edge preservation. Adaptive histogram equalization technique is used to enhance the contrast of the image. The lack of clear-cut boundary/edges for the celestial objects usually affects the segmentation. An active contour based level set segmentation technique using Signed Pressure Force (SPF) as the stopping function [22] takes care of the problem. It also offers global segmentation using a single initial contour.
The paper is structured as follows: Section II describes removal of bright point sources. Section III presents Stationary Wavelet Transform followed by TV Denoising and contrast stretching in Section IV and Section V respectively. Section VI describes the Active contour level set segmentation technique. Section VII gives the proposed algorithm and Section VIII describes the implementation steps. Results are depicted in Section IX and the conclusion is given in Section X.
II. Removal of Bright Point Sources
Astronomical images usually contain numerous bright point sources (stars, distant galaxies etc.). These point sources are to be primarily removed for the proper segmentation in the final stage. The removal of such abrupt change in intensities prevents the evolving level set contour, from getting stuck at the local regions. Local peak search using a matched filter or a cleaning process [3] are usually used to remove the unresolved point sources. But, multiple pass through the filter which is required during these processes, would diffuse the image and may result in the break-up of the components of the extended sources [1, 3] . Erosion-a morphological enhancement process [8] , would serve the purpose without affecting the shape and structure of the celestial objects to an extent. Matlab command "imerode", with suitable shape and size for the structuring element removes the peak intensities satisfactorily without severe damage to the edge information.
III. Stationary Wavelet Transform
Wavelet Transform which is a powerful tool in image processing, is used in this method prior to image denoising. Universe is assumed to be isotropic and so are the celestial objects. Wavelet Transform does not privilege any particular direction in the image [4, 10] and hence is well suited for astronomical image processing.
Normal denoising causes noticeable loss of the high frequency contents, along with the smoothing of the edge features. Instead, denoising applied on wavelet transform takes care of preserving the high frequency edge components to an extent, ultimately facilitating proper segmentation. Also, it is desirable to preserve the spatial information at each level and hence Stationary Wavelet Transform rather than the translation-variant Discrete Wavelet Transform (DWT) is used. A simplest way to obtain this translational invariance is not to perform any sub-sampling [9] [10] [11] . The filters are to be up-sampled at each level of decomposition by padding low and high pass filters with zeros [10] [11] [12] . This method is commonly referred to as the "Ã Trous" algorithm [11, 12] .
Mathematically, the SWT decomposes the image I(x, y) into J scales of wavelet planes W j (x, y) associated with the wavelet function and a smoothened plane C J (x, y) associated with the scaling function. This can be mathematically represented as:
The iterative process to calculate C J (x, y) and W j (x, y) can be represented as:
where, 11 11 ,
The W j "s and C J represents the wavelet transform planes and the result of a single level SWT transform with J=1, is given as an example in Figure 1 .
Figure 1: 1-level wavelet transform planes
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IV. TV Denoising
Astronomical images are inherent to noise and hence need filtering to properly segment the celestial objects. Out of many denoising techniques, Total Variation denoising gives satisfactory Peak Signal-to-Noise-Ratio (PSNR) value compared to other methods like Split Bregman, Edge Enhanced diffusion etc. Total Variation denoising formulation and its solution [13, 14] is given below.
If U 0 represents the noisy image, U the clean image and  the control parameter, then the optimization problem is defined as:
, is the objective function. (5) The final Euler Lagrange equation [13] for the above function is:
The solution for (6) is found using gradient-descent method as:
This formulation is iteratively applied to the approximation and detail coefficients of the 1-level stationary wavelet transformed planes. The denoised image is retrieved using Inverse SWT (ISWT).
V. Adaptive Histogram Equalization
The celestial images are usually of low contrast and hence, contrast stretching would be a suitable preprocessing step before the final segmentation. The denoising performed on the image results in smoothing of the edges, making it difficult for the segmentation constraint to lock the evolving contour to the edges. Contrast stretching offers an improvement to the final segmentation process by providing enhancement to the details in the image. Here we use Adaptive Histogram Equalization (AHE) which differs from ordinary histogram equalization [6, 15, 16] . This method brings out more details in the image compared to histogram equalization by local contrast stretching, where several histograms corresponding to each distinct sections of the image are calculated. This information is used to redistribute the lightness values of the image thereby improving the local contrast of an image. This step is performed after the denoising step as the AHE amplifies the noise present in the image.
VI. Level Set Segmentation
Segmentation being the bottom level processing step in any image analysis and pattern recognition processes, it has to be performed with as much accuracy as possible in order to avoid the propagation of errors throughout the bottom-up processes. The classification of the celestial objects calls for a primary segmentation step that accurately segments the celestial objects [1, 2, 5 ] . The main constraint for astronomical image segmentation is the lack of well defined and sharp edges. Hence, the segmentation method used should be efficient enough so that, the shape and texture of the blur-edged objects (e.g. Comets, galaxies etc) can be segmented out [17] [18] [19] [20] .
In the proposed algorithm, the method used for the segmentation of celestial objects is a region based active contour model using level sets. The region based models that uses statistical information is more superior to the edge based model, as the Edge Stopping Function (ESF) fails to lock on to the boundary properly due to the lack of sharp edges. The proposed algorithm uses a region based model following [22] and references therein. This method applies a Signed Pressure Force (SPF) [17] to stop the evolution of the contour, instead of the conventional ESF [21] [22] [23] .
In this method level set function  is initialized to constants rather than the concept of taking level set as a Signed Distance Function (SDF). The values of the level set function remain the same both inside and outside the curve or interface, but the signs are opposite. The SPF function [17] take values in the range [-1, 1] based on which the contour expands when inside the object and shrinks when outside the object [22] .
Let, C (q): [0, 1] → R 2 be a parameterized planar curve in X where X is a subset of R 2 and I be the given image. SPF function is defines as: 12 12 () 2 ( ( )) , max(| ( ) |) 2
where c 1 and c 2 are the average intensities inside and outside the contour, respectively. Mathematical representation for c 1 and c 2 are:
where the regularized Heaviside function [22] is represented as:
The level set formulation for an edge based model is:
where α is the velocity term and g   is the ESF.
On Substituting the SPF instead of the ESF in equation (11), the level set formulation becomes (as mentioned in [22] ):
( ( )). | | ( ( )). ,
The term
 is the curvature term and is used to regularize the level set function .
For being a level set function, it satisfies the condition 1   . So the curvature term can be written as   which is the Laplacian of level set function . The evolution of a level set function with its Laplacian is equivalent to the Gaussian kernel filtering of the level set on every iteration [18, 19, 22] . The level of regularization can be controlled by the standard deviation of the Gaussian filter. As Gaussian filter is used to regularize the level set, an additional regularization term
the term ( ( )). spf I x   in (12) can be removed, as the model uses statistical information of the regions.
Hence, the level formulation reduces to:
The procedures of the segmentation technique used in this paper are: a.
Initialization of the level set function  : 00 0 0 ( , 0) 0
 is a subset in the image domain  and 0  is the boundary of 0
 . This method offers global segmentation which is desirable for the segmentation of astronomical images, as an image frame may contain more than one celestial object. This method is robust to noise and can segment objects with weak edges. Also, the initial contour can be set anywhere in the image. For celestial objects with non homogenous intensities in the interior, this method proves to be efficient over the C-V model.
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VII. Proposed Algorithm
Flow graph of the proposed algorithm for the segmentation of the celestial objects from an astronomical image is given below: 
8.2.
The image has innumerous bright point sources which affects the proper evolution of the segmentation curve. To remove the point sources, a simple morphological processingerosion, is performed. The structuring element size can be suitably selected by the user, depending on the average size of the point sources. Fig.4 shows the eroded image using "disk" of size 2 as the structuring element. This facilitates proper segmentation at the final step. The output of the erosion process is: TV denoising is performed on each of the decomposed planes i.e., approximation and the detail coefficient planes. Denoising for an iteration of 10 with the control parameter  = 0.1 is performed. The parameters can be adjusted for various levels of noisiness. A PSNR of 48.69 is obtained for this particular image. Fig. 6 represents the denoised image obtained after performing inverse SWT. The values for the parameters used in the segmentation process are: Standard deviation for the Gaussian filter: σ = 1, number of iteration for the curve evolution = 100, delta =10 and the tuning factor µ=.25. µ can be varied for properly segmenting different images. The output at the 100 th iteration is: The segmented celestial object(s) is extracted from Fig. 9 by setting the background to black. 
IX. Results
The algorithm is applied to celestial objects like comets, galaxies, asteroids and planets. The processing steps are same as described in Section VII. The output of the proposed algorithm for various celestial objects are:
X. Conclusion
The subjective analysis of the above results clearly supports the efficiency of the proposed algorithm. The algorithm gives satisfactory results for even the blur-edged objects. The output of this segmentation process can be given as the input for the higher processing steps in Data Mining tasks. The classification of the above segmented astronomical objects can be easily performed with the shape and intensity as the features. The proposed algorithm finds application in the classification and cataloging of celestial objects obtained from satellites or telescopes.
